Abstract
Introduction

22
Human leukocyte antigen (HLA) genes are crucial to the regulation of immune system as they encode for 23 the major histocompatibility complex (MHC) consisting of cell surface proteins that control the adaptive 24 immune response. HLA genes are also known to play important roles in transplant rejection, autoimmune 25 disorders [1] and cancer [2, 3] . For these reasons, accurate HLA typing is important both in clinical and 26 research settings. HLA typing is considered challenging because of the hyper-polymorphic nature of the 27 HLA region in human genome. Such high polymorphism in the HLA region is thought to be maintained 28 by strong balancing selection promoting genetic diversity [4, 5] . Especially with personal genome sequenc-29 ing becoming widely common, better computational methods are needed to provide rapid and inexpensive 30 typing with high accuracy.
31
Traditionally, HLA typing or categorization was done by more laborious serology-based methods to screen 32 for HLA antibodies in a donor/receiver pair. With the birth of DNA sequencing and polymerase chain reac-33 tion (PCR), molecular typing assays such as specific oligonucleotide probe hybridization (SSOP), sequence-34 specific primer amplification (SSP), and sequence-based typing (SBT) have been developed [6] . The SBT 35 method can be either used with Sanger sequencing or NGS techniques. By using specific primers to perform 36 target enrichment prior to sequencing, SBT delivers accurate and reliable typing of HLA alleles. However, 37 all of the above molecular typing assays require a specially designed set of probes/primers, and they are 38 labor intensive, low throughput, and costly.
39
With an increasing availability of personal WGS services, an availability of accurate computational HLA 40 typing methods that do not require additional experiments can be valuable. Challenges in computational
41
HLA typing are mainly driven by the high level of polymorphism found in the HLA region in the human 42 genome. There are over 30 genes that are maintained in the IPD-IMGT/HLA database [7] and there are settings. More than 15,000 known alleles (just for these classical genes) have been reported in the database 45 and the number of alleles is growing rapidly (Figure 1) . Also, the known alleles share high sequence 46 similarities, where many alleles just differ by a base-pair substitution. Thus, it is challenging to correctly 47 pinpoint an individual's HLA types among the known alleles using WGS data [8] .
48
Previously developed enrichment-free computational methods can use whole genome sequencing (WGS), 49 whole exome sequencing (WES), or transcriptome sequencing (RNA-seq) without the use of HLA-enriched For these reasons, it is important to be able to recover HLA sequences at 1-bp resolution to enable novel 79 allele discovery as similarly done in SBT. In order to achieve this goal, we present a graph-guided assembly 80 technique called Kourami that constructs full sequences for the peptide binding domain (exons 2 and 3 for 81 class I and exon 2 for class II HLA genes-regions typed by the SBT methods) by using a modified partial 82 ordered graph (POG) [14] as a guide. Our method is the first method that directly assemble both haplotypes 83 of HLA genes rather than to infer the best matching alleles in the database. For known alleles, we show that
84
Kourami can correctly type with high accuracy (>98%), equalling that of the state-of-the-art database-85 matching method, across various WGS datasets such as simulated data, Illumina Platinum Genomes, and 86 high coverage WGS from 1000 Genomes project. At the same time, Kourami only takes a fraction of time 87 compared to other available methods with a moderate use of memory.
88
In addition, Kourami is the first HLA typer to be able to assemble novel alleles that do not appear in the 89 database. It does this by treating the HLA typing problem as an instance of graph-guided assembly, where 90 the known alleles are combined into a graph that is used to guide the assembly of new alleles. Kourami 91 therefore also represents an early example of how a population of reference sequences can be used during 92 genome assembly. We systematically show that Kourami is very accurate in its ability to construct novel 93 alleles by performing leave-one-out experiments where a known allele is artificially removed from the allele 94 database. Kourami is able to reconstruct 98% of these alleles perfectly.
95
Materials and Methods
96
HLA typing nomenclature
97
The current HLA allele nomenclature [15] uses a hierarchical numbering system with 4 major levels of 98 hierarchies. From the highest to the lowest category, it annotates allele groups (2-digit resolution), protein 99 sequence (4-digit resolution), exon sequence (6-digit resolution), and intron sequence (8-digit resolution).
100
For example, if two alleles encode an identical protein, they will have the same numbers for the first 2 101 levels (4-digit) of hierarchies. In practice, HLA typing is often carried out at either the protein or exon 102 level. Furthermore, the current gold standard, SBT, types just the exons that are responsible for encoding 103 the peptide binding domain (exons 2 and 3 for class I genes and exon 2 for class II genes). Using only the 104 subset of exons creates ambiguous alleles where two or more alleles share identical sequence over these 105 exons but differ in other regions. These ambiguous sequences are grouped as a 6-digit 'G' allele. Similarly, 106 4-digit 'P' grouping is used for the alleles that share same amino acid sequence over these exons. Our 107 method provides fully assembled sequence covering these exons and also outputs 6-digit 'G' resolution 108 typing result by selecting known alleles that have the smallest edit distance to the assembled sequences.
109
Similar to many other HLA tools, we focus on the routinely typed classical genes (HLA-A, -B, -C, -DQA1,
110
-DQB1, -DRB1).
111
Overview of method
112
Our method takes an advantage of partial order graphs to capture all known alleles and further modifies the 113 graph to include variants found in the sequencing data for graph to include paths of true alleles. An overview 114 of our method is illustrated in Figure 2 , and the major steps are labeled from (a) to (e). More details are 115 given in "Materials and Methods." We first create a comprehensive reference panel from a combined multiple 116 sequence alignment (MSA) of both full-length and exon-only known alleles for each HLA locus (step a).
117
Reads mapped to all known HLA loci in the human genome reference (GRCh38) are extracted (step b) and 118 aligned to the comprehensive reference panel (step c). Gene-wise partial-ordered graphs are constructed 119 using the combined MSAs and the alignments of the extracted reads are projected onto the graphs so that 120 each read alignment is stored as a path in the graphs and read depths on edges naturally become edge weights 121 (step d). When these read-or read-pair-backed paths connect 2 or more neighboring heterozygous sites of 122 2 alleles, they provide phasing information. During the alignment projection, the graphs are modified by 123 adding nodes and edges to incorporate differences found by alignment such as substitutions and indels. Note 124 that a sequence of an allele is encoded as a path through the entire graph. Finally, with the weighted graphs 125 with alignment paths, we formulate the problem of constructing the best pair of HLA allele sequences 126 as finding the pair of paths through the graph. When finding the pair, we consider consistent phasing 127 information from the reads and coverage with a use of base quality scores. Additionally, the pair of paths 128 may be identical to permit homozygous alleles. for each v r with a weight of P e2E in vr w(e). Once the column shifting is done, we can actually process the 228 insertion base exactly same as we handled the case of inserting into a gap column.
229
Finding paths through the HLA-graph
230
Given the HLA-graph with weights, assembling HLA alleles can be formulated as the problem of finding 231 two (diploid) paths (they can be identical) that explain the read mapping data (weights and phasing) best.
232
For example, the read depth value for an edge can be thought of as a capacity of the edge in classical flow 233 problems. When considering only the weights, we can find two paths where the sum of the flow values of the 234 paths are maximized. However, this formulation does not handle phasing information embedded by reads or 235 read pairs, therefore it can possibly select erroneous paths that are not consistent with phasing information.
236
For this reason, we want our objective to take both weights as well as phasing information into account.
237
Since read information is embedded on the HLA-graph, we can check if two neighboring variant sites can prior to finding paths.
247
HLA-graph to bubble graph.
248
We first focus on the parts of the HLA-graph where variations are captured, which are often referred to as 249 bubbles in sequence assembly graphs [20, 21, 22, 23] . In the HLA-graph, we define a bubble as a region can easily be recognized in the HLA-graph because of its structure.
261
Finding the best set of paths in a bubble.
262
Ideally, we want to find exactly 2 paths per bubble since the ploidy number is 2 for humans. However, bubbles may contain more than 2 paths because of sequencing errors or misalignment. Therefore, we first identify all paths that are phased by a read or read pair. For each bubble, we can use a modified breadth first search (BFS) technique to obtain all paths that go through the bubble. In order to avoid enumerating over all paths through a bubble, we prune any path without a read backing the sequence encoded by the path at each iteration of BFS. For a path in the bubble to be retained, it must be supported by at least one read phasing the entire path. We can simply compute the set of phased reads for a path by taking a series of intersections of read sets maintained by each edge in the path. Each phased path through a bubble is a called a bubble path. Given multiple bubble paths from a bubble, our goal is to select the best pair of paths. We iterate over all possible pairs of bubble paths to calculate the posterior probability of each pair given all reads aligned to the bubble to find the pair that gives the maximum probability. We write the posterior probability of a given genotype as
where G b is a genotype and D is the alignments of all reads aligned over the bubble. The genotype is a pair of bubble paths
is an alignment string of a segment of a read and d i is the i-th symbol in segment d. Similarly, H i b1 is the i-th symbol in H b1 . P (D) is constant and we assume that the prior probability P (G b = (H b1 , H b2 )), is uniformly distributed over all genotypes. We can then compute the conditional probability P (D | G b ) by adopting widely used formulations [18, 24] with small variations to allow multiple positions and base 'N' case that can be present from sequence data. We iterate over each read and compute P (D | G b ) as a product of the conditional probability of each read d. Since a read must come from one of the two chromosomes, and we assume that d is equally likely to come from either one of them, we can rewrite it as a sum of average of two cases where d is from H b1 and H b2 and 
). The probability of seeing a base given an allele is defined as
, where ✏ of base symbol d i is the error probability obtained from the phred score of the base. For the case of
, we simply estimate the probability as 1/4. Instead of selecting H b from all possible |d|-mers, we limit to only the bubble paths found in the bubble and iterate over all pairs to select a pair of bubble paths P b that jointly gives the maximum probability:
Phasing paths.
263
We now have an ordered list of bubbles, and a list of "best" read-backed phased bubble paths for each 264 bubble. The goal here is to find a set of candidate paths through all the bubbles by merging one bubble at a pairs as one path. We also update the phasing-read set for each merged path.
271
Selecting the best pair of candidate alleles.
272
Once the assembly by bubble merging is finished, we have a set of merged bubble paths through all bubbles.
By placing back the linear chains that were ignored during bubble merging to original positions (in between bubbles), we have a full-length candidate allele H i for each merged bubble path. Let C be the set of all candidate alleles and B be a set of all bubbles. Our goal is to select a pair of alleles (H 1 , H 2 ) 2 C ⇥ C that has the most consistent phasing support over all bubbles. We first define a scoring metric that checks for strength of phasing support jointly for a pair of allele H 1 and H 2 between a pair of consecutive bubbles b i and b i+1 and it is defined as heterozygous alleles. We can calculate a product of F i over all pairs of neighboring bubbles to check the consistency of phasing support for the pair. Finally, we select the pair of alleles P that maximizes the product over all pairs of alleles:
Description of data used for evaluation
273
Simulated data. Accuracy is shown as a fractional number and the fraction of number of correctly typed alleles and total number of alleles tested is shown in parenthesis.
Results
304
Simulation 305 In order to check that our method performs well, we tested our method on simulated data (see "Materials
306
and Methods"). For each of the 6 HLA genes, 2 alleles from the set of full-length gene sequence in the
307
IPD-IMGT/HLA database were randomly chosen. We repeated for a total of 100 replicates, resulting in 200 308 randomly selected alleles across all replicates. For each replicate, we simulated 50X coverage (25X for each 309 haplotype) of paired-end WGS data. We compared Kourami, PHLAT, and HLA * PRG on the simulated 310 data. Our method was evaluated using all 1200 alleles (2 alleles x 6 genes x 100 replicates), however, not all with a problem of selecting the best out of many alleles with equally similar sequences.
355
Illumina Platinum Genomes
356
Platinum trio with validated results.
357
Among the Illumina Platinum Genomes, we first ran Kourami, PHLAT, and HLA * PRG on the trio (NA12891, Trio consistency and inferred haplotypes. We tested all 3 methods to determine whether predictions are trio-consistent across all trios (trio consis-373 tency shown in Table 4 ). Kourami and HLA * PRG agreed on all 204 alleles at 6-digit 'G' resolution and 
Genomes
388
We tested all three methods on this data set and the result is summarized in Kourami is able to assemble and type HLA alleles given WGS data in a fraction of the time compared
397
to the state-of-art methods such as PHLAT and HLA * PRG with a moderate use of memory. We compared 398 the CPU and memory usage using the WGS of NA12878 from Platinum Genomes data (2 x 101bp 55x).
399
All tests were run on the input of the reads aligning to xMHC region and unmapped reads. HLA * PRG 
Discussion
408
We have shown that our HLA assembly method can accurately reconstruct both haplotypes that span the 409 typing exons of HLA genes by using a graph representation of known alleles as a guide, and the produced 410 haplotype sequences can be used to successfully carry out HLA typing given high coverage (> 30-fold) 411 paired-end WGS. WGS carried out for other analysis can be used to type individual's HLA types without 412 the use of another experiment (SBT and other molecular assays).
413
Most notably, the ability to discover rare and novel alleles is achieved by taking an advantage of the flexibil-414 ity of POG, combined with graph modification and it is instrumental in both research and clinical settings.
415
It is important to note that previously available computational methods using non-targeted sequencing data 416 cannot discover novel alleles because they are designed to find the best matching allele among the known 417 alleles. Especially with continuously decreasing cost of obtaining a personal genome, personal WGS will 418 only become more widely available, and our method can deliver accurate HLA typing without additional 419 experiments and cost. Also, Kourami is able to assemble and type at 6 digit 'G' resolution at a fraction of 420 the time compared to other methods with a moderate amount of memory usuage.
421
One limitation of our method is that it only supports WGS as it needs enough reads to cover both haplotypes 422 for each typing locus, and does not work on other NGS assays, such as WES or RNA-Seq. Since WES is 423 being used widely, as the cost for WES is lower compared to that of WGS, it is useful to be able to type
424
HLA genes using WES. However our testing (not shown) shows that it is difficult to accurately assemble Table S6 ). This should not be a 432 surprise as haplotype-resolved assemblies of human genomes used ⇡100x coverage of NGS data [32, 33] .
433
Highly accurate results from our method signifies the recent advancement in handling genetic variation using 434 graph structures to encode variations found in multiple reference genomes [34, 35, 36, 13] . Specifically 435 in Kourami, the minimal representation of POG allows the consistent graph modification via alignment 436 projection and this in turn enables capturing of novel alleles as paths through the graph. At the same time,
437
it reduces computational time greatly without scarificing accuracy, and this can be beneficial when used 438 in high-demand clinical settings. Our approach can also be extended as a general method of using graph 439 structures as guide to reference-based assembly of high diversity gene families.
440
Availability and Implementation
441
Kourami is open source and freely available at https://github.com/Kingsford-Group/kourami. It is imple-442 mented in Java and supported on Linux, Mac OS X, and Windows. (e) Haplotype assembly of two alleles is obtained by finding two paths (drawn in red and blue;overlap in purple) through the graph. For each operation, an alignment of read r to one of the known alleles H i is used to modify the graph. Each operation is applied to the POG and the resulting graph is shown. The nodes and edges that are newly added or changed during the operation is shown in red. The nodes that read path maps are shown as bold circles. For the case of the insertion into a new column, the newly assigned edge weights are explicitly drawn in using x and y variables. 
